Abstract. The aim of the present paper is to present and critically discuss the potentialities and limits of using official data (collected and reported by stateinstitutions) in order to shed light on consequences of uneven development and measure area deprivation in present-day Romania. Our argumentation is based on a quantitative inquiry at the level of rural communes and smalltowns from three counties located in the historical region of Transylvania. It presents the reasons for choosing certain statistical indicators, the construction of composite indexes and the profiles of localities according to their values. We explore the statistical correlations between our indexes and the poverty rates measured for 2002 (CASPIS, 2004), as well as the Local Human Development Index proposed by Sandu (2011) and revised by the World Bank (2014). Unlike other poverty-mapping inquiries, our goal was not to identify compact, segregated and severely impoverished settlements, but to measure the extent of material deprivation at the level of the entire administrative unit. In this way, we refrained from seeing poverty as the problem of a socially (and sometimes spatially) marginalized settlement, and instead defined poverty as a problem of the entire local community, that should be addressed by the local community as a whole. Our data reveals that, after controlling for poverty and local resources, the share of the Roma ethnic minority is a strong statistical predictor of registered unemployment, however, it does not correlate with the frequency of granting social assistance benefits.
Introduction 4
The aim of the present paper is to present and critically discuss the potentialities and limits of using official data (collected and reported by stateinstitutions) in order to shed light on unequal development and measure area deprivation in present-day Romania. We present the reasons for choosing certain statistical indicators that local authorities regularly (yet not publicly) report at the level of localities, the construction of composite indexes based on these indicators and the profiles of rural communes (administrative unites comprising one or several villages) and small-towns (with less than 20,000 inhabitants) according to these indexes 5 . Unlike other poverty-mapping inquiries, our goal was not to identify compact, segregated and severely impoverished settlements (Sandu, 2005; Fleck and Rughiniș, 2008; Vincze, 2013; Vincze and Hossu, 2014) , but to measure the extent of material deprivation at the level of the administrative unit as a whole. In this way, we refrained from seeing poverty as the problem of a socially (and sometimes spatially) marginalized settlement, and instead defined poverty as a problem of the entire local community, that should be addressed by the local community as a whole.
Our argumentation is based on a quantitative inquiry at the level of rural communes and small-towns from three counties from Transylvania, situated in the central part of Romania and partly corresponding to the historical region of Szeklerland (Székelyföld in Hungarian and Ținutul Secuiesc in Romanian): Mureș (Maros), Harghita (Hargita) and Covasna (Kovászna). Although in terms of ethnic distribution these three counties have a specific profile, with considerably larger shares of the Hungarian population 6 , in terms of economic and labour force indicators they largely resemble the central-region of the country and Romania based on ethnicity, however, we were able to explore the statistical relations between area deprivation at the level of territorial administrative units and the share of persons self-identified as Roma in the 2011 Census.
Measuring area deprivation in Romania -connection with previous studies
Measuring multiple deprivation at the area-level is a widely used statistical tool for policy makers in empirically grounding and testing the impact of certain policy interventions. At the global level, probably the best known measures are the Human Development Index and the Human Poverty Index used by the United Nations Development Programme 8 and designed following Amartya Sen's approach on human capabilities (Sen, 1983; 1999; Alkire, 2000) . There is also a growing interest in developing more complex and context-adjusted indexes, well illustrated by the work of the Human Development and Capability Association 9 , yet difficult to implement due to the lack of data for the most impoverished regions. In the global North, the availability of detailed Census data allows the construction of multidimensional indexes, such as the British area-level multiple deprivation index 10 , which has been serving for targeting social intervention in the most deprived neighbourhoods since 1970. In the US, measures of area deprivation, coupled with Census data on ethnic distribution, were employed to demonstrate the higher risks of poverty and poverty-related diseases in the case of the African-American population, most recently in a project of the the School of Medicine and Public Health from the University of Wisconsin-Medison 11 , that followed the earlier approach of Gopal Singh (2003) .
In Romania, the most comprehensive study on multiple deprivation dates back to 2003-2004 when the National Commission for Combating Poverty and Promoting Social Inclusion (CASPIS), led by Cătălin Zamfir, constructed a poverty map using the 2002 Census data at the level of territorial administrative units (communes, towns and municipalities). The indicators were based on the EUROSTAT methodology (see Atkinson et al., 2002) on computing the at-risk-of-poverty threshold (60% of the median equivalent income), poverty rate, mean poverty gap, and also the rate of severe poverty (CASPIS, 2004) . These data are still employed in order to set priorities and apply for funding in rural development, as they are listed, for example, in Annex 11 of the application guidelines for projects to be submitted to the National Agency for Financing Rural Investments 12 .
Parallel to that, measures of area-level social development were developed by Dumitru Sandu, and later embraced in a slightly revised version by the World Bank country report of 2014: Competitive Cities: Reshaping the Economic Geography of Romania. The Local Human Development Index (LHDI) is composed of four main dimensions: human capital (indicated by the average level of education of the local population), health capital (life expectancy at birth), vital capital (medium age of adult population aged 18 or older) and material capital (average living floor area by house, distribution of gas for household consumption by locality inhabitant, and private cars to 1,000 inhabitants; these three indicators were first synthesized in one measure, and then introduced in the final index). The weights of each dimension in the composite index were computed based on factor analysis. In order to avoid the volatility of measure for smaller localities, those with a population below 1,000 inhabitants were excluded from the analysis.
In the case of the original Local Social Development Index (LSDI) constructed by Sandu (2011) , the three indicators of material capital were introduced individually in the final composite index, and the size of the locality was also taken into account. For the "vital capital" dimension, the lower-age limit was set at 14 years instead of 18 years. The following weights were used: (Sandu, 2011: 5, authors' translation) .
As Sandu (2011) rightly emphasized, the index of local social development captures different aspects of local realities than measures of area deprivation do. Indeed, neither LSDI, nor LHDI contain any measures of inequality (such as the Gini coefficient, the quintile ratio or the poverty rate) or local public resources (such as the local budget per inhabitant) that could serve social development. The choice of the indicators suggests that the indexes better capture an envisaged potential for social/human development defined in terms of "human" and "vital" capital, than the existince of development as such, which could be depicted, for example, by the (low) rates of long-term unemployment, (high) average life expectancy at turning 65 or the (high) share of the adult population who completed at least secondary education. Moreover, the greatest weight is actually given to the age-profile of the local community, a younger average age of the adult population leading to a considerable increase of the value of the index. Furthermore, whereas cars and gas consumption can be easily identified as material capital (productive assets for development), average floor area by house is rather an indicator of material wellbeing (similarly to other goods in the sphere of distribution, and mostly alien to the sphere of production), also influenced by cultural options concerning family-size. While the fact that the index can be applied for both rural and urban areas is an important feature, highlighted by Sandu (2011) and the World Bank team (2014) as well, it is difficult to assess whether this provides advantages or disadvantages for its actual use, given the high disparities between rural areas or semi-rural small towns, on the one hand, and larger municipalities and their satellite neighbourhoods in rural metropolitan areas, on the other hand.
Our goal was not to create a unifying indicator of social or human development, given the fact that we wanted to avoid the conceptual and implicitely political framework of "development" and "social capital", which critique we share (Harvey, 2003; Somers, 2005; Kashir and Carbonella, 2008) . In particular, we were aware of processes of uneven development related to global capital ventures, that have changed the economic and social geographies of rural areas and cvasi-rural small towns (Petrovici, 2013) , often depending on their infrastructure for transport and proximity to larger cities. Also, high rates of labour migration towards other European countries produced effects of increasing domestic consumption and improving housing conditions, but these effects are difficult to be captured in statistics otherwise than approximating the value of remmitances sent home (Anghel, 2009; Sandu, 2010) .
Instead, we propose to investigate more narrowly two dimensions of local-level needs with the help of an index of unemployment and income deprivation (IUID) and an index of housing deprivation (IDH). The following sections describe the construction of these two indicators, while the rest of the article tries to capture the their relations with existing measures of area-level poverty for 2002 (CASPIS, 2004) , the values of the above-discussed LHDI for 2011, and selected indicators of local-level resources such as the share of wage-earners in the total population (2013), agricultural land per inhabitant (2014), local budget from taxes, before county-level redistribution (2015) and the share of the population with low level of education (2011).
The index of unemployment and income deprivation
With the construction of an index to measure unemployment and income deprivation we intented to provide a statistical tool that makes use of regularly collected and reported data by the main public institutions in charge of social inclusion, namely local-level welfare offices or social refferees from the mayor's office, and county-level Agencies for Social Benefits and Inspection (Agenția Județeană pentru Plăți și Inspecție Socială -AJPIS), Directorates for Social Assistance and Child Protection (Direcția Generală pentru Asistență Socială și Protecția Copilului -DGASPC), and Labour Offices (Agenția pentru Ocuparea Forței de Muncă -AJOFM). This approach carries the advantages of using "official" data that should be regarded as reliable at least by the institutions that produce them, the possibility of longitudinal area-level studies, given that they are monthly reported (as compared to Census-based data), and cost-efficiency, in the sense that they do not require additional surveys. At the same time, it has several limitations: our indicators are liable for the very same errors of inclusion/exclusion, over/ under-reporting that the rules and the social practice of the implementation of existing laws on social benefits and unemployment contain. Consequently, our index cannot be considered a precise measure of poverty and joblessness at the local level, but rather a mirror of income deprivation and registered unemployment designed by the state authorities themselves. Let us discuss these limitations for each indicator in detail below. 1. The numer of registered unemployed in January 2015 divided by the number of persons aged between 20 and 63 (data source: AJOFM). The indicator certainly underestimates the extent of unemployment, but unfortunately the figures on ILO unemployment are neither registered, nor reported for the level of territorial administrative units. Moreover, the indicator is different from the registered unemployed rate as such, given that the latter excludes from the active-age population persons with disabilities or those still in education. However, given that registration at the Labour Office is necessary in order to apply for any subsidized vocational training, job-mediation or social benefits and services, moreover, given that we have purposefully measured it in January, when seasonal agricultural work at home or abroad is hardly available, we can assert that the indicator may serve as a proxy for the relative job deprivation in a certain area as compared to the national or regional average. No. 416/2002 divided by the total population (data source: AJPIS for GMI beneficiary families and INS for population size). Due to the reporting system, which does not differentiate between family sizes higher than 4, it was not possible to measure the number of beneficiary persons as such. The problems in the implementation of GMI in Romania had been already extensively analized (World Bank, 2009; Rat, 2009) and it is suffice to sinthesize that benefits frequently do not reach out to the poorest segments of the population either because they do not hold valid identity papers, or because they fail to meet other bureaucratic requirements, such as obtaining monthly certificates from the Labour Office, located in the main municipalities often far away from their homes. Due to the stigmatizing nature of the compulsory community work (mostly cleaning public spaces, digging ditches etc.) and the lack of confidentiality concerning GMI receipt (the nominal list of beneficiaries should be placed on the walls of the mayor's office), some of the needy families shy away from claiming GMI. Despite these limitations, at which one should add the low amounts of benefits, GMI remains the main tool for social inclusion, as it also provides beneficiaries coverage by the public health insurance system and access to other in-kind benefits, such as heating allowance or occasional material aid. According to the law on Social Marginalization No. 116/2002 beneficiaries of GMI who face the risks of social exclusion should receive additional support from state authorities in terms of housing, subsidized jobs etc., but due to the underspecified norms of implementation the latter law is hardly applied. In order to have a better proxy of the number of families not only receiving, but needing GMI, we have used the figures for January, when the number of beneficiaries is usually the highest, given the lack of seasonal agricultural work that could be imputed as income. To conclude, the indicator is policy-wise very important, but it cannot be regarded as a direct measure of poverty. It captures the recognition of poverty by local authorities and, in the limits of existing regulations, their willingness to target social assistance benefits from the national (and not the local) budget towards the needy.
The number of families receiving social assistance benefits in January 2015 according to the Law on the Guaranteed Minimum Income (GMI)
3. The number of families receiving support allowance for needy families with children in January 2015 (Law 277/2010 (Law 277/ , that revised the earlier G.O. 105/2003 on the complementary allowance) divided by the total population (data source: AJPIS for GMI beneficiary families and INS for population size). The reasons for chosing this particular indicator consist of the fact that, similarly to the GMI, eligibility is established based on a complex social inquiry and means test, thus family incomes should be under 530 lei/family member (cca 117 Euro) corresponding approximately to the at-risk-of-poverty threshold for Romania according to the Eurostat methodology. Still, this threshold is much more generous as compared to those of the GMI (142 lei for a single person and 442 lei for a family of four), and no compulsory community work is requested. Since 2002, child poverty rates and especially the poverty rate in the case of families with three or more children have been consistently higher than the poverty rate for the general population, and this indicator may better capture these phenomena than the previous one. However, there is a serious limitation: eligibility is conditioned by the fact that all school-aged children, i.e. children aged 6-16, should prove their school attendance. The benefit of the whole family is cut in case of 20 or more absences per semester, and ceased for 40 absences, even if only one child is in that situation. The adverse effects of the law for the most severely deprived families, that might not have the means to properly equip their children or who live in marginalized settlements with difficult access to school have been pointed out in several studies (Popescu, 2006; Rat, 2012) . Moreover, as "Second Chance" programs are hardly available in rural areas, and many children from impoverished families were not registered at school on due time 13 , schooling remains out of reach and families are denied the allowance altogether. Consequently, this indicator should be used with caution, as it better approximates child poverty in areas with relatively easy access to all forms of education, including "Second Chance" programs and free after-school services, but it may considerably underestimate the number of children living in severe poverty, in spatially and socially marginalized settlements. As Roma children are overrepresented in the latter category, the indicator also underestimates child poverty among the Roma.
With all the above-discussed advantages and limits, we constructed a weighted additive index of unemployment and income deprivation, based on the results of the Chronbach' Alpha test for internal reliability (Alpha=0.674, Sig.=0.000, see Table 1 ) and a principal component factor analysis for establishing the weights based on the factor loadings ( Table 2) .
As expected from our previous discussion on the choice of indicators, the measure of support allowance for needy families with children shows the lowest correlation with the intended additive index. The factor analysis (KMO=0.643) reveals a similar result: although almost 80% (79.08%) of the common variance of the three variables is explained by a single latent factor, the correlation between the measure of support allowance and the factor is lower than for the other two measures (see Table 2 ). Consequently, the index of unemployment and income deprivation was computed using the standardized versions of the variables (Z-scores) and the weights derived from the principal component analysis, as follows: index_unemployment_income_deprivation = 0.947*GMI_per_population (standardized) + 0.909*unemployed_per_population_20-63 (standardized) + 0.805*support_allowance_families_per_population (standardizat)
The descriptive statistics for each indicator and the composite index are presented, separately for the three counties, in Table 3 .
The specific values of the indicator and the index for those localities that registered values above 2 (i.e. at least two standard deviations above the regional mean of the index) are presented in detail in Table A3 from the Appendix. The most severely deprived localities were Fărăgău -Mureș (11.8), Zagăr -Mureș (8.3), Săcel -Harghita (8), Vâlcele -Covasna (5.7), Viișoara -Mureș (5.4), and Voivodeni -Mureș (5.2). The regional mapping of the values of the index are illustrated by Graph 1. 
The Index of Housing Deprivation
The 2011 Census Data allows us to measure housing deprivation at the level of territorial administrative units along the following dimensions: sewage, connection to a distribution-system of potable water (tap water), private toilet ensuit (inside the house), electric power supply, private heating system or connection to a public heating system, kitchen inside the house. Given the high correlation between the existence of sewage and that of tap water, we decided to employ as an indicator of housing deprivation only the lack of sewage. Furthermore, given that the experience of previous field researches revealed that deprived families often report having kitchen despite the fact that they actually use the very same space as both a bedroom and a kitchen, we decided to exclude this indicator from the future index of housing deprivation. Consequently, we used four indicators in order to build a composite index: the lack of sewage, the lack of private toilet in the house, the lack of electric power supply and that of a private or public heating system.
In order to test the internal reliability of the index, we used first the standard Chronbach Alpha test (Alpha=0.850, Sig.=0.000), and then the principal component analysis that allowed us to establish the weights of each indicator in the composite index, based on their correlations with the underlying latent factor. The descriptive statistics (see Table 4 ) for the test show that the lack of electric power supply correlates relatively worse with the composite index than the other selected indicators. However, we decided to keep this variable as well, due to its societal relevance. The principal component analysis led to an acceptable factorial model (KMO=0.623), and the common variance of the four variables could be largely attributed to one latent factor (69.5%). Similarly to the Chronbach Alpha test, the weakest correlation with the underlying factor was registered in the case of electric power supply (see Table 5 ). Based on the factor loadings (correlations between each item and the factor) and the standardized versions of each variable (z-scores) a composite index of housing deprivation has been computed with the formula: index_housing deprivation = 0.978*households_without_toilet (standardized) + 0.966*households_without_sewage (standardized) + 0.905* households_without_ heating_system (standardized) + 0.270*households_without_electricity (standardized)
The descriptive statistics for the indicators and the composite index are presented, separately for the three counties, in Table 6 . As presented in Table 6 , Mureș county registered the highest values of the housing deprivation indicators and the composite index. More than 50% of rural communes and small towns from Mureș county have values with 1.25 standard deprivations higher than the regional average of the index, as compared to Covasna, were the corresponding figure is only 0.40, while in Harghita the median value is negative (-1.43), i.e. the majority of localities registered lower values than the regional average.
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Graph 2. The index of housing deprivation in Covasna, Harghita and Mureș
(authors' calculations)
In Table A4 from the Appendix, the specific values of the indicators and the index for those localities that registered values above 4 (i.e. at least four standard deviations above the regional mean of the index). There were 11 such localities, 10 from Mureș county (Bala, Cozma, Fărăgău, Bichiș, Beica de Jos, Papiu-Ilarian, Sânger, Miheșu de Câmpie, Iclăzel, and Sânpetru de Cîmpie) and one from Harghita (Atid). Four localities had less than 1,000 inhabitants. The regional mapping of the values of the index are illustrated by Graph 2.
Explaining the variance of the index of unemployment and income deprivation
We have tried to explore the relations between the two indicators and existing measures of area-level poverty for 2002 (CASPIS, 2004) , the values of LHDI for 2011, and selected indicators of local-level resources made available by the National Statistical Institute such as the share of wage-earners in the total population (2013), agricultural land per inhabitant (2014), local budget from taxes, before county-level redistribution (2015) ). Furthermore, we tested whether the effects of the 2002 poverty rates on IUID were similar in the cases of the three countries. As the graphs from Annex 3 reveal, the effects varied considerably: in Covasna, the variance of poverty rate in 2002 explained 56% of the variance of the index, in Harghita 50% (58%, in case that Corund, an outlier case 14 , is excluded), but only 38% in Mureș.
Second, in order to understand what explains the differential impact of the 2002 poverty rate on IUID, we introduced two potential explanatory variables in the linear regression, namely the LHDI for 2011 and the share of the Roma population (as assessed by the 2011 Census), also controlling for locality type (rural or small town). The model explained 53.7% of the variance in IUID (R-Square=0.537), and the strongest impact belonged to the poverty rate and the share of the Roma population, each increasing the risk of greater values of IUID. Third, we tried to improve the model, and also test its stability by adding further potential explanatory variables.
The goodness of fit of the second model is slightly better, and the effects of the 2002 poverty rate and that of the share of Roma population remain almost unchanged: other conditions being equal, localities with 1% higher percentage of the Roma have, an average, 0.1 points higher values of the IUID (b=0.105), while a difference of 1% in the poverty rate corresponds, an average, to an increase of 0.11 points in the values of IUID (b=0.114). The effects of LHDI are no longer significant at the 0.05 threshold (sig.=0.093), yet this might be caused by the correlations between the index and two other explanatory variables, the percentage of the population aged 60 or older and the percentage of those with low level of education. At first sight somewhat surprisingly, the size of the agricultural land per inhabitants has a positive (albeit smaller) effects on the values of IUID. Actually, this might be caused by the fact that in localities with larger agricultural land there are more possibilities to engage in agricultural work at the local level, and therefore families do not leave for temporary work abroad and manage to maintain their GMI entitlement.
In both models, the poverty rate in 2002 and the share of the Roma in the total population hold the strongest effects on the variance of the index. In order to understand the meaning of these statistical effects, it is necessary to turn back to the three components of the index and test whether the regression models are similar in their cases as well. For the sake of simplicity, Table 9 indicates only Beta coefficients and statistical significance 15 .
The goodness of fit of the linear regression model is greater in the case of explaining the variance of the number of GMI beneficiary families per total population in January 2015, as 78% of the latter is explained by the variances of independent variables. As expected, the greatest effect is held by the indicator of registered unemployment, followed by the 2002 poverty rate. A relatively smaller, but still statistically significant is reported for the size of agricultural land per 1,000 inhabitants, already discussed earlier. The percentage of the Roma population has no significant effect on the variance of GMI receipt at the local level. This is an important conclusion, in accordance with both quantitative (UNDP/WB/EC, 2011) and qualitative studies on welfare receipt among Roma families living in segregated, impoverished settlements, which often highlight barriers of access to social rights or forms of adverse inclusion in their case (Vincze and Hossu, 2013; Rat, 2011; . Note: The models were constructed for 195 cases, as the values of LHDI were only available for those. Alternatively, we also constructed regression models that also included the indicators of local budget per inhabitants in 2015 and the percentage of wage earners as % of the total population in 2013. The goodness of fit of the models increased slightly, but none of the previous statistical coefficients changed significantly and the two additionally introduced indicators did not have significant effects either. Consequently, we kept the simpler models. Source: Authors' calculations.
For the number of registered unemployed per population aged 20-63, the set of variables explain almost 50% of its variance, with the greatest impact being held by the share of the Roma population, followed by the poverty rate in 2002. The other variables do not have significant effects, yet they serve as control variables that allow us to conclude that localities with similar levels of development, shares of persons with low educational levels, and agricultural land per inhabitants face higher risk of unemployment in case that they have larger Roma populations.
The variance of the number of families receiving the support allowance per children is not adequately explained by the set of variable, and the only statistically significant effect is held by the registered unemployment rate. As discussed in the previous sections, the conditionalities attached to this benefit prevent it to reach out to the most deprived families. This is reflected in the fact that neither the poverty rate in 2002, nor the LHDI influence significantly the variance of the index.
Explaining the variance of the index of housing deprivation in relation with other statistical indicators
Furthermore, we made a similar exploratory analysis of potential explicators of the variance of the housing deprivation index (IHD). The first model explains 62% of the variance of IHD, and the greatest statistical effect is held by LHDI in 2011, followed by the poverty rate in 2002, whereas the influences of the type of locality (villages versus small towns) and ethnic composition are not statistically significant (see Table 10 ). The second model (see Table 11 ) explains 73.4% of the variance of IHD, and the effects of the 2002 poverty rate and LHDI for 2011 remain significant, yet of different extent. A one standard deviance difference in the 2002 poverty rate corresponds, on average, to a 0.44 standard deviance difference in the values of the 2011 IHD. The second most important effect is held by the percentage of the elderly population, followed by the LHDI for 2011, the percentage of the Roma population and the percentage of wage earners in the total population (2014). The latter two have almost equal influence: their one standard deviance difference corresponds, on average, to a decrease of the housing deprivation index with 0.13 standard deviances.
Conclusions
Statistical data that are regularly collected and reported by public authorities, while sometimes raise suspicions about their validity, offer an affordable and policy-wise meaningful methodological approach to the evaluation of local deprivation and resources. Our indexes of economic deprivation (based on registered unemployment and the share of persons receiving means-tested social assistance benefits as of January 2015) and housing deprivation (based on the 2011 Census data on basic household utilities such as sewage, toilet inside the house, heating facilities and electric power supply) proved out to have good internal reliability and to correlate remarkably well with the 2002 poverty rate computed by CASPIS (2004) , the latest available local-level indicator that follows the Eurostat methodology. The index of local human development (LHDI) designed by Sandu (2011) and later revised by the World Bank (2014) did not hold significant effects on the index of unemployment and income deprivation, and influenced only modestly the values of the housing deprivation index. Even after controlling for the above mentioned explanatory variables, and adding other relevant potential predictors (such as the share of the elderly population, the percentage of population with low level of education, agricultural land per inhabitants, percentage of wage earners, and local budget per inhabitants), the effects of percentage of the Roma population remain statistically significant, increasing the risks of deprivation. However, when exploring their effects separately for the three variables that compose the unemployment and income deprivation index, it becomes clear that higher shares of the Roma population correspond, on average, to greater registered unemployment, but not to higher shares of persons receiving welfare benefits at the local level. In other words, localities with similar social and economic profiles, as measured by our indicators, show on average higher registered unemployment and more pronounced housing deprivation in case that their shares of Roma population are relatively larger, but they do not grant more frequently social assistance benefits. 
